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findings for the effectiveness measures; if the intervention does not lead to improved outcomes (or a full cost-
offset), a more limited set of analyses will instead be performed to describe the costs and correlates of care for 
the study population. 
 
The marginal cost-effectiveness of the intervention is the estimated difference in cost incurred by the 
intervention group (in our case, relative to group receiving “care as usual”) divided by the estimated difference 
in effectiveness.  Our primary effectiveness measure is prevented readmission, although we will also evaluate 
other measures of effectiveness, e.g., quality-adjusted life year using mortality and EQ-5D data:  
 
marginal cost        =    Difference in costs between the two intervention groups 
readmission                Difference in readmission rates between the two intervention groups 
 
Statistical Analyses Plan 
General Framework: Our analytic approach uses multivariate regression analysis to predict study outcomes for 
each of the six medical centers, adjusted for differences in patient characteristics that can influence resource 
use and mortality.  These regression analyses will follow the general form of   
 
O = f(H, C, X, Y), where 
 
 O  = Outcome 
 H = Hospital site variable 
 C = a vector of explanatory variables of interest  

X = a vector of patient sociodemographic factors 
 Y = a vector of patient comorbidities 
 
To improve the precision of the estimated intervention effect, we will conduct a series of bivariate analyses to 
identify the potential covariates to be considered for a multiple regression model.  Confounding will be 
assessed by comparing the unadjusted coefficient for treatment condition with the adjusted coefficient. We will 
use model-building strategies to obtain final models.57  Assumptions of normality will also be evaluated.  For 
example, we will explore various transformations (e.g., log and square root) for life event variables due to the 
often skewed distribution of event counts.  Smearing estimates will be used, if necessary, for retransformation, 
applying separate factors for each intervention group to ensure consistent estimates.58-60  In general, we leave 
open the possibility of transforming variables with non-normal distributions.61   
 
Due to the resource use-based study inclusion criteria, hospital days and total costs should always be positive, 
and their distributions are likely to be very skewed. Other outcomes of interest will also have a very skewed 
distribution, either because there will be many zeros (e.g. ICU use) and/or because the distribution of observed 
values has a very long tail (e.g. total ICU days).  In such cases, we will draw upon statistical models developed 
for handling these type of data, such as two-part models to separately handle zero values and a skewed 
distribution among non-zeros,58-60  Tobit-type sample selection models;62 split-sample techniques to distinguish 
between different functional forms and to avoid overfitting;58-60 and dynamic models, such as episodes of care 
analytic models, duration analysis, and count models (e.g., Poisson and negative binomial models).63, 64   The 
initial models for each outcome will be the same as prior work by our group in order for comparability.22  We 
will initially use zero-truncated Poisson regression models for total hospital days, zero-truncated negative 
binomial regression models for total hospital costs and logistic regression models for readmission and 
mortality.  In these cases, zero-truncated Poisson or zero-truncated negative binomial models are needed to 
account for the non-zero distribution of resource use.  We will confirm model selection with goodness of fit 
tests.  We use the Huber-White sandwich estimator to obtain robust standard errors for the regression 
coefficients that accounted for the nonindependence (i.e., clustering) of observations within medical centers. 
 
Hypothesis 1 Analyses: The primary goal in this randomized trial is to estimate the difference in effects on 
outcomes between the pre-intervention group and each intervention group, and between the two intervention 
arms (e.g., telephone vs. telemedicine approaches). These analyses use an intent-to-treat (ITT) framework, 
within a hierarchical approach using information on medical centers and patients.  We will apply multi-level 
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models (also known as hierarchical models or random coefficient models) to account for the multilevel data 
structure, with two-level models for analyses of patients nested within medical centers, and three-level models 
for analyses of repeated measurements for patients nested within medical centers.65-68  
 
Two-level model for cross-sectional data analysis: The statistical model for a “cross-sectional” analysis with 
one observation per patient is presented via two regression equations: 
Level 1 (patient):    Yij =b0j + b1jXij + eij  eij ~ N(0, s2), 
Level 2 (medical centers):  b 0j=r00 + r01Vj + r02Wj +u0j  u0j ~ N(0, T�), 
where Yij denotes the outcome for the i-th patient in the j-th medical center, i=1, …, nj, j=1, …, J; Xij denotes a 
vector of covariates at the patient level; Vj denotes treatment status for the jth medical center; and Wj denotes 
a vector of predictors at the medical center level.  These two equations can be presented in the mixed model: 
Yij =r00 + b1jXij +r01Vj + r02Wj +u0j + eij eij ~ N(0, s2), u0j ~ N(0, T)�. 
The random intercept model can be generalized to a random intercept, random slope mode that also specifies 
b1j to be random with a multivariate regression for (b0j, b1j)

T at Level 2. For binary outcomes, we will use 
generalized linear mixed models that use a binomial model and a logit link function at Level 1.  
 
Three-level model for longitudinal data analysis: The statistical models for a group-level randomized trial with 
repeated measures on patients can be presented via a growth curve model for the trajectory of the outcome 
measure over time with three regression equations: 
Level 1 (Observation level, repeated measurements within patients):     
(1) Ymij =b0ij + b1ijTmij + emij  
Level 2 (patients): 
(2.1) b0ij=C00j + C01jXij + r0ij 
(2.2) b1ij=C10j + C11jXij + r1ij 
Level 3 (medical centers): 
(3.1) C00j=d000 + d001Vj + d002Wj +u00j 
(3.2) C10j=d100 + d101Vj + d102Wj + u10j  
where Y mij denotes the outcome at the m-th occasion for the i-th patient in the j-th medical center, m=1, … tij, 
i=1, …, nj, j=1, …, J; Tmij denotes time relative to baseline, Vj denotes the intervention indicator, Xij denotes 
vector of other covariates at patient level, and Wj denotes vector of predictors at the medical center level.  Our 
analysis will be focused on the slope coefficient d101 that measures the main effect of treatment on the growth 
rates. Specification of the covariance structure among the random effects will be modeled allowing for 
covariance between random intercepts and slopes. 69, 70 Given three repeated measures on patients and 
reasonable smoothness assumptions, we will explore curvilinearity through non-linear terms, e.g. quadratic 
terms, allowing insight into whether changes are greater in the earlier or subsequent periods.    
 
Hypothesis 2 analyses: These analyses use the hospital as the unit of analysis, and will combine study 
participants from all arms of the trial.  We will predict study outcomes for each study medical center during the 
18-month period under three different scenarios that simulate a hypothetical situation where all study 
participants enter one of the three study arms.  The regression analyses will differ from Hypothesis 1 analyses 
in two ways.  First, we will use the medical centers as a fixed categorical variable (with one serving as the 
reference group), as opposed to a random variable in Hypothesis 1 analyses. Second, we will include a 
categorical variable with three levels to separately represent the two interventions and the control group. The 
coefficient for this variable will be used to predict scenarios for the intervention period in the recycled 
predictions, where we will set either all individuals to the hypothetical situation of receiving the telemedicine 
intervention (e.g., values for the telemedicine group set to 2, telephone group set to 1, control group set to 0).  
We will also conduct interaction analyses between the variables representing the medical centers and the 
interventions. Recycled predictions will be used to estimate study outcomes at each study medical center by 
simulating a situation where the medical center treats the entire study population.71-76  This method minimizes 
the likelihood of selection bias of patients affecting results.  We use the delta method to obtain standard errors 
for each hospital’s risk-adjusted means and proportions and to conduct statistical tests of pair-wise differences 
between hospitals in these outcomes.77-79  To ensure that standard errors and tests account for clustering, we 
will apply the delta method to the robust variance-covariance matrix estimates obtained using the Huber-White 
estimator.  For each outcome, we will then use the range of predicted values for each medical center under the 
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three scenarios (all receive the telemedicine intervention, all receive the telephone intervention, all receive no 
intervention), and determine the amount of variation among all sites by examining the range of predictions.  We 
will then conduct significance testing on the ranges of predictions under the three scenarios for each outcome.  
 
Hypothesis 3 analyses: These analyses will be similar to those used for Hypotheses 1 and 2.  We will include 
variables representing the mediating care transition measures and total number of outpatient visits, and 
evaluate the independent effect that each variable has on study outcomes.   
 
Hypothesis 4 Analyses: These analyses mirror the analyses conducted for the Acting to Reduce Variation in 
Utilization project except that we predict outcomes for patients with initial hospitalizations during 2006-2010.22  
We will then compare changes between analyses conducted with data from 2001-2005 and 2006-2010.   

 
Hypothesis 5 analyses: The analysis of the difference in use and costs between the intervention and control 
groups, and the two intervention groups, will proceed in a fashion similar to that for the other endpoints, i.e. 
costs at follow-up will be estimated as a function of baseline costs and other covariates shown to be 
unbalanced between the two groups.  Due to the skewed distributions typical for cost measures, we will 
perform transformations of the dependent variable and appropriate retransformation algorithms.59, 80, 81 Hospital 
days will be estimated using negative binomial models.  Two-part models may be required for limited-
dependent variables with large numbers of zero values, e.g., health care costs.  Non-parametric bootstrapping 
methods will be used to derive standard errors and confidence intervals around the C/E ratios, by drawing 
random samples with replacement from the two intervention groups and computing the variance of a large 
number of replications of the incremental C/E ratios.82 
 
To calculate the “predictive margins,” the value of the intervention indicator will be set equal to one for all 
patients and, holding all other regressors at their reported values, the predicted value of costs will be 
calculated for each patient.  The intervention indicator will be reset to equal zero, and predicted costs will be 
recalculated, again keeping all other regressors at their reported values.  The sample average of the 
differences between the two predictions thus obtained will be computed, along with bias-corrected, empirical 
95% confidence intervals derived using non-parametric bootstrapping methods. 
 
We will then generate a Markov chain model and conduct simulations using predicted rates of events, 
associated costs, and values to generate point estimates and 95% confidence intervals for cost-effectiveness 
ratios.  We will then conduct one-way and probabilistic sensitivity analyses to determine conditions for meeting 
typical thresholds of cost-effectiveness. 
 
In addition to the cost-offset and cost-effectiveness analyses, we will conduct cost-utility analyses with utility 
data from the EQ-5D questionnaire administered at each assessment.  The advantage of using preference-
based health-related quality of life (“utility score”) measures of effectiveness is that it permits comparison of the 
cost-effectiveness of these interventions with other interventions in diseases with disparate clinical endpoints.83  
The KCCF will not be used for cost-effectiveness analyses, but for reporting HF-specific outcomes.35, 84 
 
Power Calculations: For power calculations regarding our Aim 1 interventions, we assume that the control 
group will have readmission rates similar to the unadjusted mean rates for 30-day (16.3%) and 180-day 
(38.0%) readmissions from 2005-2008, a significance level of 0.05 and a power level of 0.80.  For analyses 
comparing each intervention with controls (each group n = 500); a significant change in 30-day readmissions 
would be from 16.3% to 10.3% (a 36.9% relative change) and in 180-day readmissions from 38.0% to 30.7% 
(a 22.0% relative change).  These are relatively the same effect sizes as seen with the Transition Coach 
model, which showed a 30.3% relative change in 30-day readmissions and a 16.6% relative change in 180-day 
readmissions;15 greater changes have been seen in telemedicine trials.85 As this is an effectiveness trial, we 
may expect lower effect sizes than seen in efficacy trials.  However, the telephone intervention extends contact 
beyond the Transition Coach model of 30 days to 180 days; longer interventions have been shown to have 
greater effects.13, 14  Comparing the telephone and telemedicine intervention on readmission effects will require 
similar effect sizes as all groups are projected to have the same sample size.  We do not expect to detect a 
significant difference between the two interventions on readmissions; we do expect differences in the cost of 
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the interventions, which for the telephone intervention is essentially costs associated with the centralized call 
center, and for the telemedicine intervention are the fixed cost of the devices plus hypothesized lower use of 
the centralized call center.  If the telemedicine intervention uses less than 15% of the centralized call center 
effort, we estimate the average cost per telephone patient will be over $500 (we assume the pre-discharge 
activities will be incorporated into standard discharge planning services).  Assuming a standard deviation of 
$50, a significance level of 0.05, and a power level of 0.80, we should be able to detect a significant difference 
in mean costs of $9; we estimate the average cost per telemedicine patient to be under $490 with less than 
15% effort (and vice versa with over 16% effort).   
 
For Aim 2 analysis power calculations, we assume a sample size of approximately 4600 patients for 2006-
2010 and 4000 patients for 2001-2005.  The 2001-2005 cohort predicted readmission rates at 30-days was 
17.3% and at 180-days was 40.9%.  We will be able to detect at a significance level of 0.05 and a power level 
of 0.80, a reduction in readmission rates at 30-days down to 15.1% and at 180-days down to 38.0%.  
 
Missing Data: Missing data can result in response bias. It is known that mixed-effects models handle cases 
with incomplete follow-up based on an implicit missing-at-random assumption.86  If there are variables that are 
not included in the mixed-effects model but are relevant to the missing data mechanism, a model without those 
variables may lead to biased estimates.  In addition, many software programs for mixed-effect models drop 
participants from analyses when any explanatory variable is missing.  We will use multiple imputation 
techniques to account for missing data and the uncertainty in the imputed values.86-88 The analytic team has 
extensive experience with multiple imputation.89-92  Due to the sensitivity of inferences to underlying data 
distributions,92 we will consider hot-deck and model-based imputation, relying on hot-deck strategies when 
data distributions are highly skewed but leaving open the possibility of handling several variables 
simultaneously using model-based strategies if data distributions appear suitably behaved.  

 
Multiple Comparisons: We will consider but will not rely solely on Bonferroni adjustments and related methods 
that incorporate bounds on the probability of a single false finding of significance.93  We will also consider the 
false discovery rate (FDR),94 a framework that offers more sensitive tests of significance when large numbers 
of tests are carried out by comparing observed significance findings with expected order statistics from a 
uniform distribution.   
 
Subgroup Analyses: Although we are not powered to identify a similar effect on priority populations, such as 
patients whose racial/ethnic background are Hispanic/Latino, Black, or Asian, we will conduct analyses that 
focus specifically on these populations in order to generate future hypotheses that can be explored with an 
expanded study powered to examine effects in these priority populations.  We will also conduct subgroup 
analyses based on the type of HF, whether systolic or diastolic HF. 
 
Management 
The study will be managed by the PI and Co-PI (Ong and Mangione), supported by an Executive Committee.  
Each medical center will designate one representative from its investigator group to participate in an Executive 
Committee. The Executive Committee, with input from key stakeholders, will vote on decisions regarding 
necessary decision regarding the data collection, study progress, analyses, and dissemination.  Decisions 
require unanimous agreement among all medical center representatives on the Executive Committee. This 
same governance structure was used in both phases of the Acting to Reduce Variation in Utilization projects, 
such as to determine whether identities of the specific medical centers would be disclosed within the group and 
to the general public. The representatives from each medical center will conduct a monthly teleconference 
meeting to discuss issues regarding the consortium, and will also meet in person at the annual meetings of the 
investigators with key stakeholders. 
    
Limitations 
Some health care resource use will occur in settings that cannot be identified in data systems for the six 
medical centers.  Prior studies suggest very high “hospital loyalty” among patients hospitalized for chronic 
illnesses,95 and found that chronically ill patients hospitalized in any of the six medical centers had 80-90% of 
their total hospital days at the same site.2   However, to further mitigate this issue for our analyses, we collect 
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